Viral haplotype reconstruction from a set of observed reads is one of the most challenging problems in bioinformatics today. Next-generation sequencing (NGS) technologies enable us to detect single nucleotide polymorphisms (SNPs) of haplotypes -even if the haplotypes appear at low frequencies. However, there are two major problems. First, we need to distinguish real SNPs from sequencing errors. Second, we need to determine which SNPs occur on the same haplotype, which cannot be inferred from the reads if the distance between SNPs on a haplotype exceeds the read length. We conducted an independent benchmarking study that directly compares the currently available viral haplotype reconstruction programmes. We also present nine in silico data sets that we generated to reflect biologically plausible populations. For these data sets we simulated 454 and Illumina reads and applied the programmes to test their capacity to reconstruct whole genomes and individual genes. We developed a novel statistical framework to demonstrate the strengths and limitations of the programmes. Our benchmarking demonstrated that all the programmes we tested performed poorly when sequence divergence was low and failed to recover haplotype populations with rare haplotypes.
Introduction
RNA viruses are the most common pathogens for humans and animals. HIV (the human immunodeficiency virus), HCV (the hepatitis C virus) and the foot-and-mouth virus are just some examples of RNA viruses that pose major health threats. There is no general treatment available and for many viruses we have not been able to develop effective vaccines. RNA viruses are able to mutate quickly and cause acute epidemics with novel strains. In order to develop successful and preventive treatments and to act quickly when a new viral strain occurs, we need more detailed and accurate information about the population structure, the mutations and the viral haplotypes for the specific infection. The development of nextgeneration sequencing (NGS) technologies opens up the opportunity to respond quickly to outbreaks and gain a better understanding of viral populations. However, there are significant challenges that we need to overcome to reconstruct viral populations from NGS data.
The lack of proof checking during replication causes RNA viruses to have mutation rates about a million times larger than within human cells [1] . This results in a population of closely related genomes, a so-called quasi-species. The high mutation rate is dangerous for the virus, since it results in many non-viable clones, but it also provides the virus with a large number of potentially beneficial mutations allowing it to adapt quickly to changing environments during infection. It is likely that the haplotypes that enable the virus to survive selective pressure pre-exist in the population [2] . Thus, it is essential to determine all haplotypes in order to develop effective treatments and vaccines.
With NGS technologies we are now able to detect SNPs in a viral population -even for low abundance haplotypes. However, reads from any sequencing technology contain noise from PCR amplification and platform specific noise, which we need to distinguish from real diversity in order to be able to reconstruct the haplotypes accurately. Another major challenge is that, because read lengths are short, it can be difficult, or sometimes impossible, to determine which SNPs reside on the same haplotype. The three columns in figure 1 give a schematic of the different steps in the process of reconstructing a population from NGS data. In the first column we can see two haplotypes occurring at different abundances. They have one SNP in common. The next column displays a set of observed reads obtained from NGS technologies including sequencing noise. The third presents different scenarios that can occur during reconstruction. In the first scenario the reconstruction is successful. We encounter two reads that contain SNPs and have a sufficient overlap to be assembled correctly into a contig of the first haplotype. In the second, the distance between SNPs exceeds the read length which means we cannot map the reads to a haplotype based on read overlap. In the third, noise is mistaken for diversity. And in the forth, we cannot infer the origin of the read as the SNP occurs on both haplotypes.
Here we study the currently available haplotype reconstruction programmes and benchmark their performance across various in silico data sets. It is important to know their capabilities and highlight scenarios that might expose their limitations. Our test data sets were deliberately selected to challenge the reconstruction programmes with different sequence divergence and haplotype abundance distributions. Thus we could assess the programmes abilities to reproduce the underlying population structure. We also evaluated the accuracy of the reconstructed haplotypes by outlining how many haplotypes are reconstructed with zero, one and two mismatches. It is important to identify the number of false positives in the reconstructed population to assess the overall accuracy of the reconstruction.
We simulated 454 and Illumina reads for all of the test data sets. Table 1 compares the run time (for maximum read length), number of reads per run, read length, yield per run and reagent cost for Illumina and 454 sequencers. The great advantage of 454 reads is that they are longer than Illumina reads which could be important (as seen in figure 1 ). On the other hand Illumina reads provide much higher coverage at much lower cost. None of the programmes that we tested was specifically designed for Illumina reads, but all of them take Illumina fasta files or fastq files. We tested the programmes on the Illumina reads to examine their potential for viral haplotype reconstruction.
The Test Data Sets
We generated nine different in silico haplotype populations that vary in sequence diversity, number of haplotypes and we considered different frequency distributions for these populations. These data sets are based on observations from real data sets for the foot-and-mouth virus (FMV) and for HIV. For FMV we target whole genome reconstruction and for HIV we consider single gene reconstruction. The details of the data sets, including the sequence divergence and frequency distributions of the haplotypes, can be found in table 2.
Simulating the evolution of a single foot-and-mouth virus sequence (DSIa -DSIf )
We created six data sets based on an experimental foot-and-mouth virus data set (FMVD). Nucleotide substitution rates are organism specific, gene specific, vary between the four nucleotides (e.g. purine-purine substitutions are more likely than purine-pyrimidine substitu- tions) and depend on the codon position [5] [6] . The situation is even more complicated in the case of viruses as genes can overlap. Many models work with a substitution matrix where changing probabilities between nucleotides can vary depending on the initial base and the mutated base. With the FMVD we went one step further and inferred position specific substitution rates for the entire genome. The sample was sequenced with high coverage (×4,873) on the Illumina Genome Analyzer II [7] . The nucleotide frequencies for every position in the genome were inferred from the sequencing reads.
We started with the consensus sequence of the foot-and-mouth virus and simulated its evolution into ten haplotypes by introducing mutations at 10, 50 and 200 positions in the genome to create data sets of varying diversity. The position specific nucleotide frequencies from the experimental data set can be interpreted as a discrete probability distribution giving the probability for each nucleotide (A, C, T and G) to occur at a specific position in the genome. For each mutation, we chose a position in the genome at random with probabilities proportional to the number of observed SNPs. A second random number specified the mutation according to the probability distribution for this position. For each of the three sets of haplotypes we simulated a population with uniformly distributed haplotype frequencies and log-normal distributed frequencies (see figure 2). Table 2 : Overview of all test data sets, including the number of haplotypes in the population, the number of mutations on each haplotype and the frequency distribution of the haplotypes. We used the Levenshtein distance to evaluate the pairwise sequence divergence between the haplotypes. The Levenshtein distance is the minimum number of substitutions and indels to turn one sequence into another. Note that the reference sequence is not part of the haplotype population and that the same mutation can occur on more than one haplotype. We generated two in silico populations of the envelope glycoprotein (env) gene of HIV-1 from data used to asses whether an HIV-1 infection was initiated by a single or multiple viral strains [8] . For one patient 44 sequences were isolated (GenBank accession number EU577344-EU57787). We used the first sequence as a reference sequence. In comparison to this reference 40 of the sequences had between 2 and 4 mutations, one had 6, another had 18 and one had major deletions that resulted in a Levenshtein distance of 328. We constructed populations from these sequences where the abundances were distributed uniformly and log-normally (µ = 1, σ = 2).
An in silico foot-and-mouth virus population (DSIII)
We generated a more complex in silico viral population from the experimental FMVD described above. The SNPs and their frequencies in this in silico data set are consistent with the experimental data. Taking the coverage into account, we filtered out mutations that were only observed once. The mutation rate after filtering is ≈ 5.6 × 10 −4 and conforms to the upper threshold of the mutation rate specified by Nowak [9] . We used the algorithm to create a haplotype population that is based on the SNP frequencies of the filtered FMVD which contains 5,479 SNPs occurring at ≈ 48.42% of all positions in the genome. (Note that up to three different SNPs can occur at the same position in the genome.) The algorithm yielded a population of 4,359 haplotypes with an average of six polymorphisms per haplotype and a maximum is 22 polymorphisms within a single haplotype where the same SNP can occur on multiple haplotypes. The wildtype is dominant in the population and appears with a frequency of ≈0.2796 and the majority of the haplotypes are present at very low frequencies - * * -V-Phaser uses covariation & an EM alg. to recalibrate quality scores to detect the SNPs for every position -V-Profiler calculates the frequency of each triplet codon of the accepted nucleotides and constructs the haplotypes
QuasiRecomb [17]
- * * -jumping hidden Markov model taking recombination events and SNPs into account -samples from the inferred distribution of viral haplotypes * could not be installed and is unsupported * * only attempt reconstruction over a small local window (window size < read length) with <0.01. This data set is very challenging for a haplotype reconstruction programme, but highly complex haplotype populations occur in nature.
Read Data Sets
For each of the data sets DSIa -DSIf FlowSim (V 0.3) was used to generate 120,000 reads with an average read length of 492bp that included 454 sequencing noise and PCR noise. For DSIIa 40,000 reads were generated.
We used our own metagenomic read simulation programme to generate 454 reads for the more complex non-uniform distributions. The read lengths were normally distributed (µ = 500bp, σ = 80bp) which reflects an experimental distribution. We simulated 40,000 reads for DSIIb and 120,000 reads for DSIII, again with 454 and PCR noise.
Illumina Read Data Sets
We used our programme to simulate 75bp Illumina reads and utilised the corresponding Illumina error profile from [18] . We simulated one million reads for the whole-genome test data sets (DSIa -DSIf and DSIII) and 400,000 reads for the single-gene test data sets (DSIIa and DSIIb). Table 3 gives an overview of the currently available viral haplotype reconstruction programmes. Four of these programmes attempt whole gene/genome reconstruction: ShoRAH, PredictHaplo, QuRe and ViSpA. Two of them, V-Phaser/V-Profiler and QuasiRecomb, attempt reconstruction over local windows that are smaller than the read length. Here we only benchmarked whole gene/genome programmes. Unfortunately ViSpA could not be installed and is unsupported, hence three programmes were benchmarked. A more detailed description of the programmes can be found in the supplementary material.
The Programmes

Measures for the Evaluation: Similarity & Completeness
Two novel measurements were developed to evaluate the accuracy of the haplotype reconstruction programmes. These measures not only take the number of successfully reconstructed haplotypes into account but also their frequencies, the number of mismatches, the number of false positives and the reconstructed length. We first introduce a measurement for the similarity of the reconstructed haplotypes and the true haplotypes, where only the fraction of the genome is taken into consideration that is covered by the reconstruction; the second measurement reflects the completeness of the reconstructed haplotypes.
Similarity Measure (SiM)
We need a measurement that takes the distance of each reconstructed haplotype to its closest true haplotype into account and at the same time penalises the reconstruction of too many or too few haplotypes. We achieved this by defining a probability distribution based on the reconstructed population and the "true" population respectively. We then use the Hellinger distance to quantify the similarity between the two distributions. Here, we only take the reconstructed part of the true haplotype sequence into account and measure the distance between two sequences by computing the Levenshtein distance. By allowing i mismatches for a reconstructed haplotype to "equal" a true haplotype we can see how close the reconstructed population is to the underlying "true" population.
Let P 1 denote the set of true haplotypes. Then the frequencies of the true haplotypes represent a discrete probability distribution over P 1 , which we denote with f:
The set of reconstructed haplotypes is denoted with P 2 and analogously the frequencies of the reconstructed haplotypes represent a discrete probability distribution g:
We now take the sum of the two sets:
which is the set of all true haplotypes combined with the reconstructed haplotypes that do not match any of the true haplotypes.
We can now extent the probability distribution f (x) to the set P = p 1 , p 2 , . . . , p |P | by setting the frequency of any haplotype p k ∈ P \ P 1 to zero. We denote this distribution with f (x) : P →]0, 1]. Analogously we can define the extension of the probability distribution g(x) to P and denote it withg(x) : P →]0, 1]. So the two distributionsf andg overlap on the set of correctly reconstructed haplotypes.
Let i ∈ N denote the number of allowed mismatches. Then a reconstructed haplotype matches a true haplotype if the Levenshtein distance is ≤ i. So for i > 0 an element p k ∈ P 1 and an element p j ∈ P 2 can be mapped to the same element in P if the Levenshtein distance Ldist(p k , p j ) ≤ i. When allowing mismatches, more than one reconstructed haplotype can match the same true haplotype. In that case we add up the frequencies of all matching reconstructed haplotypes for the distributiong(x).
We define the Similarity Metric (SiM) in terms of the Hellinger distance of the probability distributionsf andg as follows
with:
So SiM 0 enforces strict similarity where a reconstructed haplotype must match the "true" haplotype exactly. Also note that we have 0 ≤ H(f ,g) ≤ 1 where zero corresponds to the maximal distance between two distributions (if none of the reconstructed haplotypes matches a true haplotype) and a similarity of one corresponds to the minimal distance (if the true population was exactly reconstructed).
Completeness Measure (CoM)
The completeness measure returns the average percentage of the sequence length that a reconstructed haplotype recovered of a true haplotype:
length of reconstructed haplotype length of closest true haplotype where n rec denotes the total number of reconstructed haplotypes.
Results
We benchmarked PredictHaplo, ShoRAH and QuRe on 454 and Illumina reads. In general, PredictHaplo tended to underestimate the number of haplotypes for the larger populations, whereas ShoRAH greatly overestimated the population size (e.g. for DSI: 25-55x the real population size). The same was true for QuRe where the population size was up to 25x the Table 4 : 454 reads: Overview of the performance of the haplotype reconstruction programmes across all test data sets. The first two columns specify the data set and the mutual sequence divergences of the haplotypes. For each programme we specify the results of the best run in three columns.
That includes the range of Levenshtein distances between each of the reconstructed haplotypes and the corresponding closest "true" haplotype, the number of reconstructed haplotypes in the population and their lengths. ShoRAH has an additional column where we specify the number of runs (with different parameters) and in brackets the number of runs that did not complete. analysis did not complete * the reference sequence was reconstructed size of the real population. Also, for ShoRAH different sets of parameters yielded very different results on our data sets. On data set DSIc, for example, we ran ShoRAH with 10 different sets of parameters. A Levenshtein distance of 1 was achieved for the best reconstructed haplotype on the "best run" but for the "worst run" the Levenshtein distance was 156. PredictHaplo requires fewer parameters and the effect of different choices on the Levenshtein distance is in the range of 1-2. QuRe takes three different parameters. Two of them are specific for the sequencing technology and default values are provided for 454.
ShoRAH
The similarity measure for the 454 read data sets
We summarised the results in table 4. The first two columns show our in silico data sets and the average mutual sequence divergence of the haplotypes in the respective population. It is important to interpret the results (especially the Levenshtein distance) with regards to the sequence divergence within the population. For each programme we state the results for the best run (after testing the programme with various parameters) including the Levenshtein distance, the number of reconstructed haplotypes and their length. ShoRAH has an additional column that specifies the number of analyses we ran with different parameters followed by the number of analyses that did not complete in brackets (i.e. where ShoRAH aborted computations at some point during the analysis). We ran PredictHaplo with a value of 2,000, 3,000 and 4,000 for the number of reads that are considered over a local window and used an entropy threshold of 0.005. PredictHaplo completed all of the analyses. For QuRe we used the default settings for the homopolymeric and non-homopolymeric 454 error rates (0.0044 and 0.0007 respectively) and the default number of iterations (10,000 iterations). An increase to 30,000 and 50,000 iterations resulted in much longer running times but no improvement.
The results for the similarity measure are visualised in figure 3 and figure 4 . Figure 3 includes the SiM i results (i=0, i=1 and i=2) on the 454 reads for PredictHaplo (purple), QuRe (green) and ShoRAH (blue) and the results for PredictHaplo on Illumina reads (red) for each data set. The uniformly distributed data sets (e.g. DSIa) are plotted next to their corresponding log-normal distributed data sets (e.g. DSIb). Overall, PredictHaplo showed the best performance and was able to increasingly reconstruct the population as sequence divergence increased.
In case of the low sequence divergence in DSIa and DSIb, none of the programmes were able to reconstruct any of the haplotypes with up to two mismatches and the majority of the returned haplotypes show a Levenshtein distance that exceeds the mutual sequence divergence in the population. For the uniformly distributed data set DSIc (with 50 mutations on each haplotype) PredictHaplo reconstructed one haplotype with one mismatch and for the corresponding log-normal distributed data set DSId three haplotypes were reconstructed exactly and one haplotype with two mismatches (see table 4 ). But the reconstructed population also contains haplotypes with a Levenshtein distance of up to 34 where the mutual distance between the "true" haplotypes is on average 91bp. None of the other programmes were able to reconstruct any haplotypes for these populations. For the much more diverse data sets DSIe and DSIf (≈ 4%), PredictHaplo achieved good results: three haplotypes were exactly reconstructed for the uniformly distributed data set DSIe and six haplotypes where exactly reconstructed for the log-normal distributed data set DSIf. The rest of the reconstructed haplotypes have ≤3 mismatches. ShoRAH was able to reconstructed one haplotype with one mismatch and seven haplotypes with two mismatches, but the population also contains haplotypes with up to 209 mismatches (compared to their closest true haplotype). QuRe aborted the calculations for DSIe and DSIf with an error message.
For data sets DSIIa and DSIIb we concentrated on the reconstruction of a single gene. Pre-dictHaplo was able to reconstruct one haplotype exactly for each of the two data sets. But in the case of DSIIb we also find haplotypes with up to 422 mismatches in the reconstructed population. ShoRAH reconstructed two haplotypes with one mismatch and one haplotype with two mismatches. But the reconstructed population contains a total of 586 haplotypes compared to 44 "true" haplotypes. In the case of DSIIb ShoRAH reconstructed one of the haplotypes exactly. QuRe achieved its best result across all data sets for DSIIb where the dominant haplotype was reconstructed exactly. But the reconstructed population contains also haplotypes with up to 989 mismatches. For DSIIa QuRe reconstructed one of the hap- x x x * the reference sequence was reconstructed did not run any analyses as the reconstruction was not successful with the much longer 454 reads x analysis did not complete lotypes with one mismatch.
DSIII was the most complex in silico population with a large number of haplotypes. ShoRAH was able to reconstruct the reference haplotype exactly but the rest of the population shows between 208 and 672 mismatches compared to their closest true haplotype. PredictHaplo found one "true" haplotype with one mismatch and the Levenshtein distance for the rest of the population is between 195 and 1,591. PredictHaplo seems to have problems in the presence of many low abundant haplotypes and seems to incorporate SNPs from many different haplotypes into very few reconstructed haplotypes. QuRe aborted the calculations for this data set with an error message.
The similarity measure for the Illumina read data sets
In the documentation of ShoRAH the usage of Illumina reads is only described for the reconstruction over a local window. We tested ShoRAH on Illumina reads as a matter of completeness on data sets where ShoRAH has been able to reconstruct haplotypes with 454 reads. We did two runs with different parameters for each of those data sets. ShoRAH only produced results for one run on DSIIa where 102 haplotypes were reconstructed with 424-467 mismatches and one run for DSIIb where 987 haplotypes were reconstructed with 588-681 mismatches. We ran QuRe on all data sets with Illumina specific error rates of 0.0012 [19] . Unlike 454, Illumina has the same error probability in homopolymeric and non- homopolymeric regions. QuRe aborted computations with an error message for all Illumina data sets. We ran PredictHaplo three times for all of the data sets with the same parameters as for the 454 data sets. PredictHaplo returned only one or two haplotypes in each case. For DSIa -DSIf none of the "true" haplotypes were found and the reconstructed haplotype(s) showed an increasing number of mismatches compared to their closest true haplotype as the sequence divergence in the data sets increased. It seems that PredictHaplo recognised the SNPs occurring on various haplotypes but was not able to assign them to different reconstructed haplotypes. As Illumina reads are very short compared to 454 reads there seems to be insufficient information to link the SNPs to their respective haplotype. In the case of DSIIa and DSIIb one haplotypes was successfully reconstructed. Only one haplotypes was returned for DSIIa thus PredictHaplo assessed all of the SNPs occurring on other haplotypes as errors. In the case of DSIII the wildtype was successfully reconstructed. The results for PredictHaplo and ShoRAH are summarised in table 5 and the PredictHaplo results are included in figure 3 .
Completeness of the reconstruction for the 454 and Illumina read data sets
In figure 4 we plotted the similarity versus the completeness measure. The completeness measure tells us how much of the haplotype was reconstructed on average (in percent). For those parts of the haplotypes that were reconstructed the similarity tells us about the quality; a value of zero means that none of the "true" haplotypes was reconstructed and a value of one corresponds to perfect reconstruction. Across all of the data sets the reconstructed haplotypes covered between 87% and 100% of the length of the "true" haplotypes. PredictHaplo produced the best results in terms of completeness with values of ≥99%. ShoRAH produced very good results as well with values above 98% for all data sets besides DSIIb (96%). The QuRe results were ≈93% for DSIa, DSIb, DSIc and DSId and ≈87% for DSIIa and DSIIb.
Conclusion
The programmes that we have tested were unable to cope with populations with low sequence divergences and low abundance levels. There are two problems: Firstly, sequencing errors can be mistaken for sequence divergence. Secondly, if SNPs occur with a distance exceeding the read length we cannot infer from the reads if these SNPs occurred on the same haplotype. The reconstructed populations contained many false positive SNPs and false positive haplotypes and many true haplotypes were not recovered. This has serious consequences for example in the development of drug therapies and vaccine design because the haplotypes that were not recovered cannot be targeted by the treatment. Haplotypes in a viral population can be resistant to a drug treatment due to mutations and, even if they occur only at low frequencies, their presence has been shown to correlate with treatment failure [20] [21] . Thus it is particularly important that reconstruction programmes are also able to recover low frequency haplotypes in the population. We also need to bear in mind that for "real" data sets (in contrast to mock communities) we have no possibility to distinguish the successfully reconstructed haplotypes from the false positives. In many of the reconstructed populations the number of false positives far exceeds the number of successfully reconstructed haplotypes and false positives often showed a substantial number of mismatches compared to the "true" haplotypes. A high number of false positives needlessly complicate the development of an effective treatment.
In general, the read-graph approach seems computationally expensive and not the optimal approach for the whole gene/genome haplotype reconstruction; the inferred set of haplotypes was, in most cases, much larger than the actual "true" population. The approach with a Dirichlet Process Mixture Model, where errors are not corrected but incorporated as prior information, is computationally less expensive and seems to be more powerful. ShoRAH has been previously tested on single gene reconstruction rather than whole genome reconstruction. On our data sets ShoRAH achieved better results on data set DSIIb where the reconstruction concentrates on a single gene and haplotypes are distributed according to a log-normal distribution. For the 454 reads ShoRAH outperformed PredictHaplo on this data set. But the DPMM approach of PredictHaplo seems to scale better to whole genome reconstruction than the read-graph approach. Also, as the read-graph approach reconstructs the haplotypes based on the overlap of the reads, the much shorter Illumina reads are not suitable for ShoRAH and QuRe.
None of the currently available programmes for whole gene/genome reconstruction are designed to detect recombination. The programme QuasiRecomb is accounting for recombination events but the currently published version only attempts local reconstruction. We created an in silico data set of ten haplotypes including two recombinants, to test the ability of PredictHaplo, ShoRAH and QuRe to detect recombination events. The data set consists of the first eight haplotypes from data set DSIe (≈ 4% sequence divergence). We created two recombinants with breaking point at position 2,685 and 4,450 respectively and added them to the population. The ten haplotypes were mixed according to a uniform distribution and we simulated 120,000 454 reads with FlowSim. QuRe did not yield any results on this data set. For PredictHaplo we ran three analyses (with parameters 2,000, 3,000 and 4,000). On the best run PredictHaplo returned all eight non-recombinants with 0-2 mismatches, but was not able to identify any of the recombinants. For ShoRAH we used the parameters of its three best runs for data set DSIe. The best reconstructed population consisted of 271 haplotypes with a Levenshtein distance between 1 and 157. The closest reconstruct haplotype to the first recombinant showed 58 mismatches and the closest haplotype to the second recombinant showed 4 mismatches. This shows that the approach that ShoRAH takes is in principal able to identify recombination events but the high number of mismatches and false positives remains a problem.
All of the haplotype reconstruction programmes have been tested previously but mostly on data sets with a much larger sequence divergence. The highest sequence divergence in our data sets is ≈ 4%. For bacteria the threshold to distinguish between different species is 3%. Though there is no similar method for comparing viruses (as there is no gene or region that all viruses have in common) we expect that a large fraction of the haplotypes in a viral population show very low sequence divergence. Thus programmes need to be able to find haplotypes that only differ by a few nucleotides.
Further advances in sequencing technologies are just a matter of time. This will be accompanied by reduced error rates, increased read length and higher coverage. Those advances will greatly improve our ability to reconstruct viral haplotype population from a set of observed reads. However, reducing the rate of false positives in a reconstructed population remains an imperative if we are to obtain reliable results from the reconstruction that will facilitate the development of effective vaccines and treatments.
Key Points
• None of the programmes were able to cope with low sequence divergences («4%) and did not identify a large fraction of the population.
• For populations with a high sequence divergence reconstruction is feasible with 454 reads but not with Illumina reads.
• Many of the programmes reconstructed a high number of false positives, which can contain a large number of incorrect SNPs.
• On "real" data sets it is not possible to distinguish the successfully reconstructed sequences from the false positives with a high number of incorrect SNPs.
• To evaluate how good the reconstruction is, we need to take the accuracy of the reconstructed population into account as well as the frequencies of the reconstructed haplotypes and the number of false positives.
Supplementary Material ShoRAH
The name ShoRAH stands for Short Read Assembly into Haplotypes [10] . ShoRAH can take 454 or Illumina reads in fasta format as input and three parameters: the parameter a, the window size w and the number of iterations j. We used version 0.5.1 of ShoRAH. ShoRAH performs read alignment, error correction, global haplotype reconstruction and frequency estimation. Errors are corrected with a Dirichlet Process Mixture Model (DPMM) and local haplotypes are reconstructed over "small" windows. They use the approach described by Eriksson et al. [22] for the global reconstruction. Following a parsimony principle ShoRAH tries to reconstruct the smallest set of haplotypes that explains the observed reads by solving a maximum weight matching problem on the constructed read-graph.
PredictHaplo
We used version 0.2 of PredictHaplo for the 454 reads and version 0.4 for Illumina. The programme takes a reference sequence and a fasta or fastq file containing the reads as input. In addition known "true" haplotypes can be passed to the programme as well as the maximum read number for the local windows and an "entropy threshold" that specifies the smallest expected haplotype frequency. The haplotype reconstruction problem is treated as a nonstandard clustering problem where the reads are the data points and the unknown haplotypes the cluster centroids. Local reconstruction starts at the point of highest coverage over a window small enough such that all reads overlap and the window is increased in every iteration step. A DPMM is used to infer the unknown number of haplotypes and a Gibbs sampler to determine the haplotypes.
QuRe
The reads are inputted in fasta format together with a reference sequence against which the reads are aligned with the Smith-Waterman-Gotoh local alignment algorithm. The errors are assumed to follow a Poisson distribution with different parameters for homopolymeric and non-homopolymeric regions. The reads are first corrected and then local haplotype reconstruction is performed on an optimal overlapping window with maximum read coverage and maximum sequence divergence where the window size does not exceed the read length. The local frequencies form a multinomial distribution that is used together with the information from overlapping reads to achieve global reconstruction. The algorithm uses a variation of Zagordi's probabilistic clustering algorithm to infer a probabilistic clustering of the reconstructed haplotypes.
ViSpA
The Viral Spectrum Assembler works with a reference sequence and a set of 454 reads. Placeholders are used for insertion and deletions if reads cannot be aligned uniquely and sequential multiple alignment is performed against the "extended" reference sequence. A consensus sequence is constructed according to the majority of aligned reads. The reference sequence is iteratively replaced by the consensus sequence in order to align reads that could not be aligned previously. Reads are then corrected and a read graph is constructed as
